Abstract: Taking Luangprabang province in Lao Peoples's Democratic Republic (PDR) as an example, we simulated future forest cover changes under the business-as-usual (BAU), pessimistic and optimistic scenarios based on the Markov-cellular automata (MCA) model. We computed transition probabilities from satellite-derived forest cover maps (1993 and 2000) using the Markov chains, while the "weights of evidence" technique was used to generate transition potential maps. The initial forest cover map (1993), the transition potential maps and the 1993-2000 transition probabilities were used to calibrate the model. 
Introduction
Recent reports indicate that deforestation is the second largest source of greenhouse gas (GHG) emissions after the energy sector accounting for about 20% [1] [2] [3] . Given the growing awareness about the impact of GHG emissions on global climate change, a number of initiatives have been proposed in order to reduce deforestation and forest degradation, particularly in tropical countries. The REDD (Reducing Emissions from Deforestation and Forest Degradation) or REDD+ (which includes sustainable forest management and enhancement of forest carbon stocks) scheme is an example of such initiatives that are currently being negotiated under the United Nations Framework Convention on Climate Change (UNFCCC) to reduce emissions from deforestation and forest degradation in developing countries [4] . Under the REDD/REDD+ scheme, developing countries would receive incentives to reduce deforestation and the associated carbon emissions. REDD/REDD+ schemes are being considered as alternative mitigation options that could combat climate change as well as help to conserve biodiversity [2] .
While REDD/REDD+ is seen as a low-cost option for mitigating climate change [5] , its successful implementation requires the development of robust reference scenarios under the business-as-usual (BAU) conditions. A reference scenario (under BAU scenario) is the projected deforestation and the associated emissions in the absence of a REDD/REDD+ intervention scheme [4] . Several approaches for setting reference scenarios have been suggested, which include, among others, spatial and nonspatial modelling approaches [6] [7] [8] [9] . In this paper, we focus on spatial simulation models because they provide visual and quantitative information that can be used to inform stakeholders how different policy options can affect forest cover changes as well as carbon emissions [10] . In addition, spatial simulation models have the potential to improve the quality of stakeholder negotiations on the REDD/REDD+ scheme since they also provide spatial forest cover change information under different simulation scenarios [11, 12] .
Although numerous spatial simulation models have provided valuable insights into forest cover change processes, particularly in the Amazon region [8, 10, 13, 14] , forest cover change dynamics are still poorly understood in South-east Asia, especially in areas under shifting cultivation systems [15, 16] . This is mainly attributed to the fact that land use and forest cover changes exhibit high degrees of spatial and temporal complexity in tropical areas, which are influenced by various underlying driving factors [17] . In this regard, flexible spatial simulation models with the capacity to develop insights into forest cover change dynamics as well as explore "what if" scenarios (for forest cover changes) are required. The Markov-cellular automata (MCA) modelling approach can be used to gain insights into the current and future forest cover changes given its simplicity and flexibility. More importantly, the MCA model has the ability to model multidirectional land use and forest cover changes. For example, a landscape can change from either forest to non-forest or vice-versa. Furthermore, past studies have shown that the MCA models can be reliably used to simulate future land use and forest cover changes [10, 13, 15] .
The objective of this study is to simulate future forest cover changes in the Luangprabang province, Lao People's Democratic Republic (PDR) under the business-as-usual (BAU), pessimistic (worst case) and optimistic (strict enforcement of forestry law) scenarios. The MCA model that integrates "weights of evidence" technique, Markov chains and cellular automata (CA) was used to simulate future forest cover changes up to 2014. The "weights of evidence" technique was used to compute transition potential maps based on biophyiscal and socioeconomic data such as "distance to major roads" and population density, while the Markov chains were used to generate the transition probabilities from the forest cover maps [10] . Transition potential maps represent the likelihood or the probability that the landscape would change from one forest cover class to another (e.g., forest to non-forest) whereas the transition probabilities represent the temporal changes among the forest cover classes. The cellular automata (CA) model functions were employed to simulate future forest cover changes based on the initial forest cover map (1993), transition potential maps and transition probabilities. Luangprabang province was thus selected because of the decrease of natural forest areas and the dominance of shifting cultivation, which is typical in the northern areas of Lao PDR [15] .
Study Area
Luangprabang province is located in the northern part of Lao PDR (between 18°-21° N, 101°-104° E) ( Figure 1 [19] states that unstocked forest areas are previously forested areas in which the crown density has been reduced to less than 20% due to logging, shifting cultivation or other heavy disturbance; while ray is an area where the forest has been cut and burnt for the temporary cultivation of rice and other crops. 
Methodology

Data
Biophysical (forest cover and GIS maps) and socioeconomic data were used to develop the model for simulating forest cover changes (Table 1) . Forest cover maps ( Figure 2 and Table 2 ) were produced from the classification of satellite imagery for 1993, 2000 and 2007 using a hybrid approach that combines unsupervised classification and decision trees [20] . Overall forest cover classification accuracy levels for the three dates range from 86% to 90%. The 1991-1992 and 2002 land use/cover maps produced by FIPD were used as reference data for assessing the accuraccy of the 1993 and 2000 forest cover maps. High resolution ALOS PRISM imagery (at 2.5 m spatial resolution) that was acquired in 2007 as well as secondary reference data, which were collected using handheld GPS devices during the 2009 fieldwork, were used for assessing the accuracy of the 2007 forest cover map. Biophysical and socioeconomic data such as roads, rivers, village (settlements) and number of people were obtained from the National Geographic Department (NGD) in Lao PDR, while elevation and slope were derived from SRTM (Shuttle Radar Topography Mission) data. Road, river and village (settlements) data were used to generate static driving factors such as "distance to major roads", "distance to rivers" and "distance to town center" based on the euclidean distance procedures. Driving factors such as "distance to deforested areas" were defined as dynamic because these were generated and updated during model iteration [13] . Socioeconomic data such as the number of people in each household was used to produce population density data. Finally, all input datasets were resampled at 90 m × 90 m spatial resolution to match the spatial resolution of the SRTM digital elevation model (DEM). 
Forest cover class Description
Current forest Includes natural and plantation forest areas with crown density more than 20% and an area equal to or greater than 0.5 ha. Trees should reach a minimum height of 5 m.
Unstocked forest
Previously forested areas in which crown density has been reduced to less than 20% due to disturbances (e.g., shifting cultivation or logging).
Non-forest
Cropland, ray, grassland, settlement areas, roads, barren land, rocks, rivers and reservoirs.
Background-MCA Model
The MCA model combines the "weights of evidence" technique, Markov chains and a cellular automata (CA) model (Figure 3) . The "weights of evidence" technique uses Bayes theorem of conditional probability to compute transition potential maps for each forest cover transition (e.g., current forest to unstocked forest) based on the statistical relationship between landscape determinants of forest cover change such as elevation and distance measures ( Table 1) . The "weights of evidence" technique was used in this study because it reduces the problems of bias and subjectivity, which are usually common in multicriteria evaluation techniques (MCE) [21] . In addition, previous studies have successfully used the "weights of evidence" technique for computing transition potential maps in tropical areas [8] . Markov chains are stochastic models that describe a process, which moves in a sequence of steps through a set of states [22] . In essence, the probability that the system will be in a given state at a given time (t 2 ) is derived from the knowledge of its state at any earlier time (t 1 ), and does not depend on the history of the system before time t 1 [23] . Markov chains can be characterised as stationary or homogeneous in time if the transition probabilities depend only on the time interval t (that is, ∆t = t 2 -t 1 ), and if the time period at which the process is examined is of no relevance [24, 25] . We used the Markov chains in this study because the transition probabilities give the direction and magnitude of change that is useful for simulating forest cover changes [22] . Furthermore, the computation of the transition probabilities from land use/cover data is relatively easy since it is not computationally intensive.
Cellular automata (CA) models are bottom-up, individual-based dynamic models that were originally conceptualised by Ulam and Von Neumann in the 1940s in order to understand the behaviour of complex systems [26] . Generally, CA encompasses a space composed of a regular grid in one or two dimensions, a finite set of possible states associated with every cell (e.g., forest or non-forest), a neighbourhood composed of adjacent cells whose state influence the central cell, transition rules applied uniformly through time and space, and a discrete time at which the state of the system is updated [27] [28] [29] [30] . Time progresses in discrete steps and all cells change their state simultaneously as a function of their own state, together with the state of the cells in their neighbourhood according to a specified set of transition rules [31] .
Modelling approaches that integrate CA and Markov chains have long been explored [32, 33] . A major advantage of the MCA approach is that biophysical and socioeconomic data can be integrated in order to parameterise the model [10] . Li and Reynolds [33] developed a hybrid Markov and CA model for simulating the effects of spatial pattern, drought, and grazing on the rates of rangeland degradation. Although their model was conceptually appealing, it did not account for the variations of transition probabilities over time. To overcome such limitations, Soares-Filho et al. [10] incorporated a saturation value parameter that is designed to vary transition rates through a dynamic feedback analysis of landscape changes. Their spatially explicit, multi-scale and dynamic stochastic CA modelling framework successfully simulated land use/cover changes in the Amazonian colonisation frontier [8, 10] . Recently, the Dinamica EGO modelling framework has also introduced a scenario generator model that computes transition rates based on the integration of environmental and socioeconomic factors [13, 34] .
Model Calibration and Simulation Run
First, we used elevation, slope,"distance to major roads", "distance to rivers", "distance to town center", "distance to deforested areas" and population density (Table 1) to compute transition potential maps based on the "weights of evidence" technique in Dinamica EGO [35] [36] [37] [38] [39] . In addition, the "weights of evidence" technique was used to quantify the influence of the driving factors (Table 1) on each type of forest cover transitions. In this study, "current forest to unstocked forest", "current forest to non-forest", "unstocked forest to current forest", "unstocked forest to non-forest", "non-forest to current forest", and "non-forest to unstocked forest" transitions were considered for the computation of the transition potential maps. Since the basic assumption of the "weights of evidence" technique is that driving variables must be independent, we tested the correlation between the driving variables using the Crammer coefficient (V). Results indicated that elevation, "distance to major roads", "distance to rivers", "distance to town center", "distance to deforested areas" and population density have values lower than the empirical threshold of 0.5 (V is less than 0.5) and thus are are not correlated [13, 34] . Slope was not used in the final computation of the transition potential maps since it has a Crammer coefficient (V), which is more than 0.5 (Table 3) . Spatial analysis of the "current forest to unstocked forest" and "unstocked forest to non-forest" transition potential maps revealed that high deforestation propensity is influenced by distance to major roads and rivers ( Figure 4 ). This is consistent with the results from the "weights of evidence" analysis, which indicate that the decrease in current forest areas (that is, change from current forest to unstocked forest and non-forest) is largely influenced by distance to roads and rivers within 10,000 m buffer zones. Figure 5 shows contrast values, which indicate the relationship between "distance to major roads" and deforestation (that is, the change from current forest to unstocked forest). Contrast is the difference between the positive and negative weights (derived from the "weights of evidence" analysis) that is used to measure the correlation between a particular forest cover change and sampled training points for each variable [40] . Positive contrast values (above zero) indicate that areas within the 10,000 m distance ranges are more suscpetible to deforestation, while negative contrast values (below zero) show that areas over 10,000 m distance ranges are less susceptible to deforestation [35] . The following three datasets; (1) the initial forest cover map (1993), (2) the transition potential maps, and (3) the 1993-2000 transition probability matrix were used to simulate forest cover map up to 2007 based on the CA model functions available in Dinamica EGO. This CA model employs an expander transition function to expand or contract previous forest cover class patches, while the patcher transition function is used to form new patches [41] . The expander and patcher transition functions are composed of an allocation mechanism responsible for identifying cells with the highest transition probabilities for each transition [34, 35] . For example, the expander transition function performs transitions from state i (current forest) to state j (unstocked forest) only in the neighbouring cells of state j in order to expand or contract forest cover class patches. The patcher function performs transitions from state i to state j only in the neighbouring cells with states other than j (e.g., non-forest) [34] . In order to simulate forest cover changes, both transition functions use a stochastic selecting mechanism [34, 41] . First, the algorithm scans the initial forest cover map to sort out the cells with the highest probabilities and then arranges them in a data array [10, 34] . After the initial step, cells are selected randomly from top to bottom of the data array. Finally, the forest cover map is again scanned to perform the selected transitions [10] .
The sizes of new forest patches are set according to a lognormal probability function, whose parameters are defined by the mean patch size (MPS), patch size variance (VAR) and isometry (ISO) [34, 35] . The parameters can be changed to produce various spatial patterns of forest cover changes. For example, an increase in mean patch size results in a less-fragmented landscape, while an increase in the patch size variance results in a more diverse landscape [34] . Isometry is a number that varies from 0 to 2 and thus, an isometry greater than one results in more isometric (equal) patches [34] . We calibrated the CA model by changing the internal parameters of the expander and patcher transition functions. The mean patch size and variance were computed from the original forest cover map using FRAGSTATS 3.3 [42] , while the isometry was determined through trial and error (Table 4 ). The MCA model iterations were specified as 7, at an annual time step. This is because the MCA model iterations are specified according to the time difference between the initial forest cover map (1993) and the second forest cover map (2000) . Finally, the model was set to run from 1993 (the initial year of simulation) to 2007, which is the year of the actual (observed) forest cover map. The simulated forest cover map (2007) was compared to the actual (observed) forest cover map (2007) in order to validate the accuracy of the model. 
Scenario Modelling
Following calibration and validation, a scenario-driven MCA modelling approach was then used to simulate future forest cover changes under: (I) business-as-usual (BAU); (II) pessimistic; and (III) optimistic scenarios. We examined the total forest area (e.g., current forest and unstocked forest) under different conditions to simulate forest management scenarios for GHG emissions. Furthermore, a scenario-driven MCA modelling approach was employed because it provides a scientific basis to evaluate the consequences of different policy interventions, which can be used to support sustainable forestry management.
The BAU scenario assumed that historical forest cover changes observed between 1993 and 2000 under the current socioeconomic conditions would continue in the future. Thus, this scenario used annual transition probabilities between 1993 and 2000 as well as biophysical and socioeconomic factors such as elevation, "distance to major roads", "distance to rivers", "distance to town center", "distance to deforested areas", and population density in order to compute transition potential maps. For the pessimistic scenario, future forest cover changes were simulated under a scenario of increased infrastructure developments such as paved secondary roads and dam construction. Thus, we assumed that the current unpaved roads would have been upgraded to paved roads, while the proposed dams would have been constructed in the study area. Therefore, additional driving factors such as "distance to secondary paved roads" and reservoirs were included for computing transition potential maps under the pessimistic scenario. In addition, we modified the transition probability matrix between 1993 and 2000 in order to increase the deforestation rates. Consequently, the pessimistic scenario would induce a further reduction in current forest areas given the increased accessibility brought by infrastructure developments (e.g., secondary paved roads) as well as the modification of transition probabilities. Finally, for the optimistic scenario, future forest cover changes were simulated under strict enforcement of the forestry law and sustainable forest management policies (e.g., no deforestation in protected forest areas). Therefore, the protected forest area GIS coverage was used as a constraint to deforestation (for protecting current forest areas). In addition, the transition probability matrix (between 1993 and 2000) was modified by decreasing the transition probabilities from current forest to unstocked, and from current forest to non-forest. Table 5 shows the datasets for simulating the BAU, pessimistic and optimistic scenarios. 
Results and Discussion
Analysis of Forest Cover Changes
Results show that current forest and unstocked forest areas were dominant in the study area ( Figure  2 Table 6 shows that "current forest to unstocked forest", "non-forest to unstocked forest", "unstocked forest to non-forest" and "current forest to non-forest" were the major forest cover changes in Luangprabang province between 1993 and 2000. The high rate of "current forest to unstocked forest" changes compared to the low rate of "unstocked to current forest" changes between 1993 and 2000 indicate significant loss of current forest areas. However, the "unstocked forest to non-forest" changes were less than the "non-forest to unstocked forest" changes, which shows that substantial regrowth of 260 km 2 occurred in the study area. This is partly attributed to the regrowth of unstocked forest during the shifting cultivation cycle, whereby abandoned agriculture fields are left to recover soil fertility. The major forest cover changes between 2000 and 2007 were "current forest to unstocked forest", "unstocked forest to current forest", "non-forest to unstocked forest", "unstocked forest to non-forest" and "current forest to non-forest" (Table 6 ). While the "current forest to unstocked forest" changes increased during the 2000-2007 period, "unstocked forest to current forest" changes also increased substantially compared to the 1993-2000 period. Consequently, the 2000-2007 period was characterised by lower "current forest to unstocked forest" changes given the high forest regrowth (unstocked forest to current forest changes was 1,159 km 2 ). In general, forest cover change analyses revealed high rate of "current forest to unstocked forest" changes between 1993 and 2000 and lower rate of "current forest to unstocked forest" changes between 2000 and 2007. Table 7 shows the forest cover transition probabilities between 1993 and 2000, calculated on the basis of the frequency distribution of the observations. The transition probabilites were computed from forest cover maps (which have a spatial resolution of 90 m). The diagonal of the transition probability matrix represents the self-replacement probabilities, that is the probability of a forest cover class remaining the same (shown in bold in table 7), whereas the off-diagonal values indicate the probability of a change occurring from one forest cover class to another. The self-replacement probabilities for the current forest and unstocked forest classes were above 50%, while the self-replacement probability for non-forest class was low (30%) (Tables 7). The transition probability from current forest to unstocked forest was 13%, whereas the transition probability from unstocked forest to current was 1%, which implies continued loss of current forest areas in the future. In contrast, the transition probability from current forest to non-forest was low (2%). However, the transition probability from non-forest to current forest increased to 5%, which suggest low regrowth in the future. It is interesting to note that the transition probability from unstocked forest to non-forest was low (5%), whereas the transition probability from non-forest to unstocked forest was high (66%). This implies that there will be substantial regrowth of the unstocked forest in the future. It should be noted that key Markov chain assumptions such as independence and stationarity (homogeneity) were not tested in this study. However, the comparison of the 1993-2000 (Table 7) and [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] (Table 8 ) transition matrices suggests that the transition probabilities were not stationary. To minimise this limitation, we employed a multi-step Markov chain analysis available in Dinamica EGO that incorporates a saturation value parameter, which varies the transition probabilities through a dynamic feedback analysis of landscape changes [10, 35] . 
Analysis of Transition Probabilities
Model Validation
For model validation, we used the conventional Kappa statistic to compare the simulated forest cover maps for 2007 with the actual (observed) satellite-derived forest cover map for 2007 under the BAU scenario. Visual analysis of the simulated forest cover map in 2007 revealed that the MCA model simulated the current forest and unstocked forest areas relatively well ( Figure 6 ). The best agreement is shown in the unstocked forest and current forest classes (Figure 7 ). For example, the actual unstocked forest class was 9,043 km 2 , while the corresponding simulated class was 9,194 km 2 . On the other hand, the current forest class was 9,727 km 2 , while the corresponding simulated class was 9,841 km 2 . The results indicate that forest cover classes such as current forest and unstocked forest areas, which occupies the highest proportion of area in the province have higher accuracy. This suggests that the model's simulation accuracy increases with the proportion of a given forest cover class. While the nonforest class was slightly underpredicted (the actual class was 1,180 km 2 compared to the corresponding simulated class, which was 914 km 2 ), the MCA's overall simulation accuracy was 0.8, which is relatively good for simulating future forest cover changes. The MCA model accuracy is within the range of accuracies observed in other studies that have used similar spatial simulation modelling approaches [41, [43] [44] [45] . Although we did not validate the accuracy of the model in terms of location, visual analysis revealed that location was relatively underpredicted, particularly for the non-forest class ( Figure 6 ). However, it should be noted that the major focus of this study was on simulating the quantity of forest cover changes since it would be used for setting REDD/REDD+ reference scenarios. Therefore, accuracy of the current and unstocked forest areas in terms of quantity is important. It also noteworthy that precise information concerning the location of carbon dioxide emissions is not required for setting reference scenarios because global warming effects are derived from the total carbon dioxide concentrations in the atmosphere, not the carbon dioxide's precise location of origin [11, 46] . 
Simulated Future Forest Cover Changes under Different Scenarios
Based on the calibration and validation of the MCA model (for 2007), we simulated future forest cover changes up to 2014 under the BAU, pessimistic and optimistic scenarios. The final models were run twenty times for each scenario [41] . Under the BAU scenario, the MCA model simulations projected that current forest areas would decrease from 9,727 km 2 in 2007 to 8,811 km 2 in 2014, while unstocked forest areas would increase substantially from 9,043 km 2 to 10,279 km 2 over the same period ( Figure 8 ). In addition, non-forest areas would decrease from 1,181 km 2 in 2007 to 860 km 2 in 2014 ( Figure 8 ). Taking into consideration the increasing population [15] , the simulated forest cover changes indicate increasing pressure on forest resources in Luangprabang province, which potentially threatens rural livelihoods. Generally, future "current forest to unstocked forest" changes under the BAU scenario would be mainly concentrated near Luangprabang city as well as along the major roads and rivers where the majority of people live. Under the pessimistic scenario, the MCA model simulations projected that current forest areas would decrease significantly from 9,727 km 2 in 2007 to 6,851 km 2 in 2014, while unstocked forest areas would increase significantly from 9,043 km 2 to 10,164 km 2 over the same period ( Figure 9 ). In addition, non-forest areas would increase substantially from 1,181 km 2 in 2007 to 2,939 km 2 in 2014 ( Figure 9 ). The rapid decline in current forest areas on one hand and the increase in unstocked forest and non-forest areas on the other hand imply rapid "current forest to unstocked forest" changes in the future. It is important to note that "current forest to unstocked forest" changes would also be concentrated near Luangprabang city as well as along the major and secondary paved roads, and rivers. While the pessimistic scenario considered additional data such as "distance to secondary paved roads", the simulated future forest cover changes are quite conservative because they do not consider both legal and illegal forest logging directly in the model. The MCA forest cover change simulations revealed an increase in current forest areas in the future since the protected forest areas were used as a constraint to deforestation.
Results from the forest cover change scenarios reflect the significance of assumptions adopted under the business-as-usual (BAU), pessimistic and optimistic scenarios. For example, under the BAU scenario, current forest areas would decline gradually in the future, while under the pessimistic scenario, current forest areas would decline rapidly. However, such declines in current forest areas would not occur if forestry laws that protect and conserve the protected forest areas under the optimistic scenario are strictly enforced. 
Summary and Conclusions
Taking Luangprabang province as a case study, the objective of this study was to simulate future forest cover changes under the BAU, pessimistic and optimistic scenarios. The initial forest cover map (1993), the "1993 to 2000" transition probabilities and the transition potential maps were used to simulate forest cover changes up to 2007. The simulated forest cover map (2007) was compared to the actual forest cover map (2007) in order to test the accuracy of the Markov-cellular automata (MCA) model. Visual and statistical analyses revealed that current forest and unstocked forest classes were relatively well simulated, while the non-forest class was slightly underpredicted. The model's overall simulation accuraccy was 0.8.
Following the successful calibration of the MCA model, future forest cover changes were simulated (up to 2014) under the BAU, pessimistic and optimistic scenarios. The MCA simulations under BAU scenario indicated that the current forest cover change trends such as the decrease in current forest areas and the increase in unstocked forest areas would continue to persist in the study area. Furthermore, the MCA simulations under the pessimistic scenario revealed a rapid decrease in current forest areas and substantial increases in unstocked forest areas, which implies severe loss of forest areas in the future. Since forest resources provide life-sustaining products such as food, medicines and fuelwood, the BAU and pessimistic scenarios are important because they indicate plausible future forest cover changes in the study area. Nevertheless, the optimistic scenario projected that current forest areas would increase if strict forestry laws enforcing conservation of protected forest areas are implemented.
Spatial simulation modelling approaches based on the MCA model are critical because simulated future forest cover changes under the BAU can be combined with forest carbon stock in order to set reference emission scenarios. Therefore, this study constitutes an important contribution to the REDD/REDD+ implementation framework since reference scenarios can be used to establish a benchmark, which will provide the basis for giving REDD/REDD+ incentives [11] . The MCA model applied in Luangprabang province has several strengths. First, the model's transition potential maps are calibrated with a set of biophysical and socioeconomic driving variables under different scenarios. Consequently, the simulated future forest cover changes under different simulation scenarios provide important insights, which can be used by decision makers for REDD/REDD+ preparedness activities. For example, the different simulation scenarios can be used to identify regional-scale patterns of forest cover changes, which would be used to target areas that require immediate intervention. Second, government policy (particularly, the use of the protected areas as a constraint to deforestation) was incorporated in the MCA model under the optimistic scenario. Third, the MCA model's calibration and validation functions permits the comparison of the simulated and observed forest cover changes, and thus allow for the improvement of the model. The initial forest cover map (1993), the transition potential maps and the 1993-2000 transition probabilities were used to calibrate the model and perform simulations up to 2007 using CA-based expander and patcher functions. Then, the simulated forest cover map for 2007 was compared to the observed (actual) forest cover map for 2007. In essence, the MCA model has clearly separated the data (1993 forest cover map, transition potential maps and 1993-2000 transition probabilites) used for calibrating the model and the data (2007 forest cover map) used for validating the model [47] .
While the MCA model has demonstrated that it is possible to simulate future forest cover changes in Luangprabang province, there are certain limitations that should be noted. First, location (e.g., non-forest class) is underpredicted because the MCA model emphasises linear forest cover changes, while in the real world non-linear forest cover changes occur. Another reason is that the MCA model assumed that biophysical factors such roads remained constant given the lack of updated road data in the study area. Second, for calibrating and running the MCA model in an area that experiences dynamic land use and forest cover changes (due to shifting cultivation and other agricultural activities as well as the impact of both legal and illegal logging), more forest cover data is required in order to capture the temporal heterogeneity. Finally, it should be noted that the raster-based MCA model applied in the study area is sensitive to different cell resolution and neighbourhood configurations [26] . Therefore, future studies should improve the capacity of the MCA model by including more temporal forest cover maps (at an interval of two to three years) and more GIS data that correspond to the forest cover change maps. Furthermore, novel geographic object-based CA models should be incorporated in the MCA modelling framework in order to minimise problems related to scale and neighbourhood sensitivity [26] .
